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Abstract 
A novel semi-active control method for a seismically excited nonlinear benchmark building equipped 
with magnetorheological (MR) dampers is presented and evaluated in this paper. While Linear Quadratic 
Gaussian (LQG) controller is designed to estimate the optimal control force of a MR damper, the required 
voltage input for the damper to produce such control force is achieved by a proposed optimal Takagi-
Sogeno(T-S) fuzzy inverse model. The proposed T-S fuzzy inverse model of dampers is derived using 
subtractive clustering, non-dominated sorting genetic algorithm II (NSGAII) and adaptive neuro-fuzzy 
inference systems (ANFIS). The effectiveness of this strategy is illustrated and verified using simulated 
response of a 20-storey full-scale nonlinear benchmark building excited by several historical earthquake 
records. The designed semi-active system is compared with the performances of active control as well as 
clipped optimal control (COC) systems, which are based on the same nominal controller as is used in this 
study. The results are discussed based on the evaluation criteria suggested for the benchmark problem by 
International Association for Structural Control and Monitoring (IASCM) for comparison with other 
algorithms and demonstrate the superiority of this scheme over other strategies. 
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1. INTRODUCTION 
Since protecting civil engineering structures from environmental or human-induced hazards such as 
strong winds, severe earthquakes and terrorist attacks is a vital task for our society, finding a reliable and 
cost-effective solution to such problem is essential. In the past few decades, many research efforts have 
been focusing on development of various practical structural control strategies to offer a realistic solution 
to the problem, including passive, active and semi-active control strategies. 
Semi-active control approaches, combing the best features of both passive and active controls, are often 
termed protective systems and offer the advantage of being able to instantly modify the responses of a 
structure in a desirable manner by changing structural properties (damping and/or stiffness) without the 
requirement of large external power. One group of the best semi-active devices, that provides excellent 
promise to structural control is the Magnetorheological (MR) damper. Primary benefits of this device 
include dynamic stability (i.e. semi-active resistance) and low power requirements. 
A vibration control system using a MR damper requires two nested controllers: (i) a primary system 
controller which computes the desired force to be generated by the MR damper, and (ii) an MR damper 
controller. The function of the damper controller is to drive the MR damper to produce a desired force 
output by changing input voltages. A classic example of such control was proposed by Dyke et al. (1996), 
named as clipped-optimal control where the applied voltage is clipped between 0 or maximum. This 
algorithm is still the most used algorithm for MR damper control. 
In this paper, an approach to design a semi-active controller for a seismically excited nonlinear 
building-MR damper system has been discussed. An LQG controller is adopted as a primary controller to 
calculate the desired control force. To realise such desired force in MR dampers, a system referred to as 
active to semi-active converter is introduced. It includes a T-S fuzzy inverse model of MR damper model 
(FIMM) that calculates the required input voltage to be sent to the forward model to produce the desired 
control force. This strategy has some similarity to the approach introduced by Chang et.al (2002) where 
LQR controller was combined with modified Bingham inverse model, and neuro-fuzzy forward model of 
MR dampers. It was applied to a linear 4DOF structure. However, the designs of the target controller and 
the inverse model of MR, are different in this study. Furthermore, as a case study, the proposed control 
has been applied to the third generation benchmark control problem for seismically excited nonlinear 
buildings (Ohtory et.al 2004), for which only few semi-active based controls have been reported to 
mitigate the seismic responses of the third generation nonlinear buildings (Yoshida 2004, Karamodin 
2010). 
2. T-S FUZZY INVERSE MODEL OF 1000KN MR DAMPER 
As mentioned before, the inverse MR damper model can provide a direct estimation of the input 
voltage to the MR dampers to produce a target control force calculated from some optimal control 
algorithms. Following this idea, an optimal compact T-S inverse model of MR damper has been obtained 
using Subtractive Clustering and Non-Dominated Sorting Genetic Algorithm II and discussed here. 
The Takagi–Sugeno (T–S) fuzzy model uses IF–THEN rules to approximate a wide class of nonlinear 
systems by fuzzy blending of local linear approximations. This method employs linear models in the 
consequent part of the fuzzy system. The schematic structure of a T-S fuzzy model is shown in Figure 1. 
The learning procedure for a T–S fuzzy model, from a set of input-output data, is based on the idea of 
consecutive structure and parameter identifications. Various methods, such as clustering algorithms 
(Yager and Filev 1994, Jang et al, 1997), linear least squares and nonlinear optimisation methods are used 
for tuning of antecedent and consequent parameters of the fuzzy system. 
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Figure 1: Structure of a T-S Fuzzy Model (r: number of inputs; k: number of rules) 
The new designed encoding scheme for learning the T-S fuzzy model of MR damper from data is 
based on non-dominated sorting genetic algorithm (NSGAII). The proposed encoding scheme consists of 
two parts. First part is related to input selection and the second one is related to antecedent structure of T-
S fuzzy model (selection of rules, number of rules and parameters of MFs). The main aim of the proposed 
scheme is to reduce both model’s complexity and error. The subtractive clustering method with least 
square estimator has been used for determining the initial structure of fuzzy model. So the centre’s range 
of influence (ra) for each of the data dimensions is considered as an adjustable parameter in order to 
obtain better clusters. The input structure and centre’s ranges of influence are all represented in one 
chromosome and evolved together through NSGAII, such that the optimization of rule structure, input 
structure, and MF parameters can be achieved simultaneously. All candidate inputs with their 
corresponding ra, are put into one chromosome as shown in Figure 2. 
Figure 2: Encoding scheme for individual chromosome. 
The value of 1 in each gene of the first part means that, corresponding input is used in the fuzzy model 
and so its corresponding centre’s range of influence in the second part of chromosome is valid. The value 
of 0 also indicates that the corresponding input has not been used in modelling and hence, its 
corresponding ra is not valid. The summation of ‘1’ in the first part of chromosome gives the actual 
number of inputs and the positions of ‘1’ also denote which inputs are selected. 
Combining the above encoding scheme, an algorithm based on a real-coded NSGAII is developed for the 
evolving T–S fuzzy model as described in the following steps: 
x Step 1. Encode all the parameters into the chromosome. The candidate inputs are specified. 
x Step 2. Generate initial population of chromosomes. 
x Step 3. Cluster collected data according to the parameters of each chromosome. 
x Step 4. Make a T-S fuzzy model using obtained clusters and least squares estimator. 
x Step 5. Calculate objective functions. After rule and input structures and MF parameters are fixed, 
the objective functions of each chromosome are calculated (Number of Inputs and Calculation of root 
mean square error) 
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o Record the values of objective functions of each chromosome and associate every set of 
parameters a suitable rank and crowding distance. Less value of an objective function is more 
desirable. 
x Step 6. Based on the rank and crowding distance of each chromosome obtained in step 5, the parents 
are chosen for the next crossover and mutation steps by using the tournament selection approach. 
x Step 7. Perform crossover and mutation operation on the current population to generate new 
individuals. 
x Step 8. Evaluate the rank and crowding distance of each new chromosome. The steps 3- 8 will repeat 
for a fixed number of generations and finally the Pareto fronts of objective functions will be achieved. 
x Step 9. Select the best point for modelling. Using Pareto fronts, the best point which make a trade-off 
between objective functions, is selected for modelling. 
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Figure 3:Training data 
In order to obtain a high quality trained fuzzy model, high quality training and testing data must be 
obtained first. In this study data collection has been done from the phenomenological model of 1000kN 
MR damper (Spencer et.al 1997). Signals of generated displacement and voltage for training the fuzzy 
model are shown in Figure 3. A time step of 0.005 second is used to produce a total of 10,000 data set 
through 50s simulation. For the current study, it is assumed that the input vector for the T-S fuzzy model 
consists of 17 input variables. The 17 candidates to the model include the past and current 
displacements ),5( tx )3( tx , )2( tx , )1( tx  and )(tx , velocities ),2(),3(),4(),5(  txtxtxtx 
)1( tx  and )(tx , forces f(t-4), f(t-3), f(t-2), f(t-1) and f(t) where t denotes the time variable. The output 
is the predicted voltage v(t).
Figure 4 shows the final obtained Pareto front. As can be seen, there is a trade-off between model 
complexity and accuracy. It must be mentioned that, if the complexity is not very important for the 
designer, the point B with the minimum RMS error can be selected as the final solution or the 
optimization can be run with the only objective of error minimisation. Here however, point A is chosen as 
the compromised solution to consider both accuracy and compactness of the model. This solution results 
in a simple fuzzy model with only five inputs, three rules and an acceptable RMS error of 0.92. The 
predicted voltage of the designed model should be sent to the forward model to generate the applied force. 
Figure 4 (right), is the comparison between the target force and the generated one where the excellent 
tracking of the original signal using the new approach is depicted. The RMS error between the target and 
the predicted force is about 37.87 kN which compared to the maximum capacity of the proposed MR 
damper (1000kN) is acceptable (less than 4%) 
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Figure 4: The Pareto front and the comparison between the target and generated force 
        
          Figure 5.a: Block diagram of the control syste     Figure 5.b: MR dampers Configuration 
3.    CASE STUDY: 3RD GENERATION 20-STOREY BENCHMARK BUILDING 
The benchmark buildings of 20-storey used for this study were designed for the Los Angeles region as 
defined by Ohtori et al (2004) in the problem definition. The 20-storey benchmark structure is 30.48 m by 
36.58 m in plan, and 80.77 m in elevation. The far-field El-Centro earthquake of 1940 with three different 
intensities of 0.5, 1 and 1.5 is selected as the ground motion excitation in this study: 15 MR dampers with 
capacity of 1000 kN are also placed throughout the stories of the 20-storey benchmark building as shown 
in Figure 5.b. However, it is assumed that all of the dampers on a single floor experience the same inputs, 
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and respond in the same way. More information about the proposed benchmark problem can be found in 
Ohtori et al (2004). 
Although there is no limitation on the type of the controllers, as long as it measures the desirable force 
based on the system response, a Linear Quadratic Gaussian (LQG) controller is designed in this study 
using the acceleration feedbacks of all floors, to generate the desired control force to be passed to the 
inverse model of MR damper. Figure 5.a illustrates the final block diagram of the proposed scheme in 
SIMULINK. 
4.    CONTROL PERFORMANCE 
The performance and accuracy of the designed algorithm and FIMM is examined by comparing the 
force generated by the MR damper (predicted force) and the desired force estimated by LQG controller. It 
is worthwhile to note that in any case where the generated force by the MR damper is in the opposite 
direction of the desired force from LQG, the input voltage for the damper will be set to 0. The comparison 
between desired force and the MR damper generated force in the 20th storey and under the El-Centro 
earthquake with the intensity of 1.5 is shown in Figures 6 and 7. 
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Figure 6: Comparison between desired force and the generated force by inverse model and COC 
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Figure 7: Comparison between desired force and the generated force by inverse model and COC 
As can be found from Figure 6, the proposed inverse model successfully tracks the desired force while 
the COC algorithm, in comparison, generates many over-shoots compared to the desired force. For 
instance, the offered force of COC at time 5.2 sec is 200% of the produced force by LQG controller. This 
is because of the fast changing of the operating voltage, 0 or 10. On the other hand, as it can be seen from 
Figure 7, the inverse model produces much more appropriate voltage input, at each time, to the forward 
model which leads to a smoother changing of the produced force and therefore avoids overshoots. This 
also can effectively reduce the power consumption of the control system since it eliminates many 
unnecessary maximum voltages that were produced blindly by COC in attempt to tracking the desirable 
force. A more complete performance comparison between Active LQG controller and Semi-Active 
controller using COC and FIMM, is shown in Figure 8 in terms of six chosen performance criteria, J. 
Mohsen Askari et al. / Procedia Engineering 14 (2011) 2765–2772 2771
J1: Peak Inter-Storey Drift Ratio J2: Peak Level Acceleration J3: Peak Base Shear 
J7: Ductility J11: Peak Control Force J13: Peak Control Power 
Figure 8: Comparison of performance criteria of Active, COC and FIMM Control 
Since the objective of both COC and FIMM algorithms is to trace the desired force, so the final 
performances of these semi-active control systems would be more ideal if they get closer to the target 
active control performance. Consequently, as can be seen from Figure 8, the performance of the FIMM is 
closer to the ideal controlled system rather than COC due to better tracking of the ideal force (Figure 6). 
The comparison of performance criteria, illustrates that, the active control can effectively suppress the 
peak level acceleration, J2, and peak base shear of the building, J3, more than COC. Therefore, since the 
inverse model can track the active controller very well, it is also able to achieve a significant reduction in 
the mentioned indices over COC algorithm as expected. Besides, it is interesting to note that this 
advantage by using FIMM, requires smaller amount of applied force and power (J11 and J13). This is due 
to the fact that COC algorithm operates by switching the voltage of the MR dampers between two 
extremes, i.e. passive-on (v=10) and passive-off (v=0). Therefore, it works on the maximum load on 
many occasions unnecessarily and causing force overshoots as shown in Figures 6 and 7. However, COC 
algorithm has achieved good results in reducing peak inter-storey drift ratio, J1 (except when the building 
is subjected to half-intensity El-Centro earthquake), while the inverse model is the worse one in all three 
earthquakes. Ductility is also another index which assesses the building damage. It is observed that, due 
to inherent stability of MR dampers and no input of energy to the building, both semi-active algorithms 
can effectively minimise the responses of the structure during earthquakes.  
As can be found out, COC algorithm, in some cases, provides smaller values of performance indices 
rather than active and consequently FIMM. However, it is worth noting that FIMM is a more reliable 
method since it can follow the designed target controller much better than COC. In another word, if a 
better active controller is designed and used as the target, FIMM will surely produce better performance 
as a semi-active control algorithm. In this study, the primary controller (LQG) is an efficient method for 
linear systems while the 20-storey benchmark building is a nonlinear system. In addition, the proposed 
active strategy uses only accelerometers for the control feedback. Therefore, the desired force produced 
by LQG is compromised in terms of its effectiveness. In the meantime, as part of the inherent stability of 
any semiactive system, an installed MR damper between two adjacent storeys, automatically acts to resist 
the movements of two floors in a passive fashion. Blindly switching of COC between two extremes, 
produces maximum damping resistance at some occasions to the inter-storey drifts (at the cost of large 
power consumption) somehow produces better performance. As a result, although the main objective of 
both COC and FIMM is tracing the active control performance, but in some cases, the more successful 
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strategy (FIMM) for this purpose, leads to larger performance indices in comparison with COC.  
5.   CONCLUSION 
In this study, a new T-S fuzzy inverse model of MR damper is designed and used for semi-active 
control of a nonlinear 20-storey benchmark building. Results show that, the final forces, generated by the 
MR damper, can follow those calculated from the optimal control algorithms. The performance of the 
proposed strategy has been examined and compared to COC Algorithm. Results illustrate that the 
proposed new control algorithm (FIMM) can effectively track the desired control force to provide 
effective and reliable control. This is evident by achieving better performance in many indices using the 
proposed optimal T-S fuzzy inverse model. In addition, for nonlinear structures with limited state 
feedback such as the 20-storey benchmark building model in this study, if a more efficient primary 
optimal controller is designed, proposed FIMM will perform better.  
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